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Abstract—Gait abnormalities can be studied by means of 
instrumented gait analysis. Foot-switches are useful to study the 
foot-floor contact and for timing the gait phases in many gait 
disorders, provided that a reliable foot-switch signal may be 
collected. Considering long walks allows reducing the intra-
subject variability, but requires automatic and user-independent 
methods to analyze a large number of gait cycles. The aim of this 
work is to describe and validate an algorithm for the 
segmentation of the foot-switch signal and the classification of the 
gait cycles. The performance of the algorithm was assessed 
comparing its results against the manual segmentation and 
classification performed by a gait analysis expert on the same 
signal. The performance was found to be equal to 100% for 
healthy subjects and over 98% for pathological subjects. The 
algorithm allows determining the atypical cycles (cycles that do 
not match the standard sequence of gait phases) for many 
different kinds of pathological gait, since it is not based on 
pathology-specific templates. 
 
 
Index Terms—Atypical gait cycles, classification, gait analysis, 
gait event detection, gait phases, foot-floor contact, foot-switches, 
signal segmentation, stride-to-stride variability. 
 
I. INTRODUCTION 
HE study of the foot-floor contact during gait is crucial in 
the management of many orthopedic and neurological 
disorders. An accurate detection of the gait phases is 
fundamental in clinical gait analysis to interpret kinetic and 
kinematic data [1]. Focusing on one lower limb, each gait 
cycle is typically divided into two periods called stance and 
swing. Stance designates the entire period during which the 
foot is on the ground, while swing applies to the time the foot 
is in the air for limb advancement. In normal gait, most of the 
gait cycles consists of the sequence of the following three sub-
phases of stance: heel contact (H), flat foot contact (F), push 
off (or heel off) (P), followed by the limb swing (S) [2]. In a 
pathological gait, other sequences of gait phases may be 
observed. In subjects with an equinus foot, the gait cycle 
usually starts with a forefoot contact instead of a heel strike. In 
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many neurological and degenerative diseases - including 
stroke, multiple sclerosis, muscular dystrophy and Parkinson’s 
disease - a foot-drop may be observed during the swing phase. 
In general, detecting the gait events that mark the transition 
from one gait phase to another, as well as the sequence of gait 
phases, is essential to evaluate gait abnormalities.  
During a walk consisting of a large number of strides (100-
250), both normal and pathological subjects use different 
sequences of gait phases. In other words, a subject does not 
show the same type of gait cycle throughout the walk. This is 
due to the inherent variability of the human gait [3]. In 
literature, there is a growing interest in the study of intra-
subject gait variability. Among other applications, gait 
variability is used to assess fall risk in elderly people [4-5]. 
The stride-to-stride variability of the spatio-temporal 
parameters is frequently used to quantify gait performances. 
However, the stride-to-stride variability of the foot-floor 
contact sequence is usually not considered and the presence of 
different types of gait cycle, occurring during a subject’s walk, 
is disregarded. As a matter of fact, many studies consider only 
a few consecutive gait cycles (due to the limitations of the 
laboratory setting), and discard cycles that do not match the 
“standard” cycle observed for the specific subject under test. 
A second reason why this variability is often disregarded is the 
lack of algorithms that automatically recognize the sequence 
of gait phases in a “long” walk (lasting 2-3 minutes). 
 Designing gait tests in which a large number of strides is 
recorded is fundamental in “statistical gait analysis” [6-9] to 
handle intra-subject variability. A key point, in this approach, 
is the possibility of analyzing the gait cycles automatically and 
in a user-independent way. 
The analysis of long walks allowed us to evidence the 
presence of “non-standard” sequences of gait phases even in 
normal subjects. We called atypical cycles those gait cycles 
that do not match the “standard” foot-floor contact pattern: 
heel contact, flat foot contact, push off, swing (HFPS). From 
the study we conducted on 100 healthy children, we observed 
an occurrence percentage of atypical cycles around 10 % [7]. 
In pathological subjects, depending on the pathology, the 
percentage of atypical cycles may significantly grow with 
respect to the normal [9-10], reaching 100 % in subjects with 
severe gait abnormalities. In mildly impaired patients, the 
percentage of atypical cycles can be used as a reliable 
outcome measure in evaluating subtle changes of a patient’s 
condition. 
A reliable evaluation of the gait events is fundamental in the 
study of the foot-floor contact. Many different sensors are 
used for timing the gait cycles [2]. They can be divided into 
two categories: sensors that allow for a direct measure of the 
Segmentation and classification of gait cycles 
Valentina Agostini, Gabriella Balestra, Member, IEEE, and Marco Knaflitz, 
T 
Member, IEEE 
This is the author's version of an article that has been published in this journal. Changes were made to this version by the publisher prior to publication.
The final version of record is available at http://dx.doi.org/10.1109/TNSRE.2013.2291907
Copyright (c) 2014 IEEE. Personal use is permitted. For any other purposes, permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.
TNSRE-2013-00125.R2 
 
2 
gait events and those that indirectly reconstruct the timing of 
these events. Foot-switches [6-10] and force-sensitive resistors 
[11-12] allow acquiring directly the foot-floor contact, while 
accelerometers [13-15], gyroscopes [16] and inclinometers [2] 
require a customized signal processing to gain the information 
on the gait events. Here, we are interested in a direct measure 
of the foot-floor contact by means of foot switches. 
In this paper, we address the segmentation of the foot-
switch signal, which is the partition of the signal into separate 
gait cycles and the gait cycle classification, i.e. the definition 
of the gait cycle types observed during a walk. The 
segmentation and classification of gait cycles may become 
difficult in pathological gait. This problem is often faced 
focusing on the signs of the specific pathology under 
consideration and establishing pathology-specific templates 
for the foot-floor contact patterns. The advantage of the 
approach presented here is that it does not require any a-priori 
knowledge on the sequence of phases forming a gait cycle. 
This means that the same algorithm can be applied to many 
different pathologies, since the segmentation process is carried 
out without the need to define foot-floor contact templates. 
The aim of this paper is to describe the structure and 
validation process of an algorithm for the segmentation of the 
foot-switch signal and the classification of the gait cycles in an 
automatic and user-independent way. 
II. THE FOOT-SWITCH SIGNAL 
A. Signal Acquisition and Four-level Coding 
The foot-switch signal is acquired as follows. A subject is 
instrumented with 3 foot-switches under the sole of the foot, 
positioned beneath the heel, the 1st and the 5th
The 3 digital signals are combined by means of a digital-to-
analog converter to obtain 2
 metatarsal 
heads. He is asked to walk barefoot back and forth along a 
straight walkway, for 2-3 minutes, at self-selected speed. Foot-
switches (size: 10 mm × 10 mm × 0.3 mm, STEP32, 
DemItalia, Italy) are activated by a force of 3N.  
3
During the H-phase only the foot-switch under the heel is 
closed. During the F-phase the heel foot-switch is closed, and 
at least one of the foot-switches under the forefoot is also 
=8 different foot-support 
conditions (8-level signal). However, the 8-level signal is too 
variable and “detailed” to be used in a statistical analysis of 
gait, and it is usually simplified into a 4-level signal [6-7]. The 
four levels correspond to the gait phases H, F, P, and S. 
 
 
Fig. 1.  Foot-switches: four level coding. Gait phases (for one leg): Heel 
contact (H), flat foot contact (F), push-off or heel off (P), swing (S).  
  
 
Fig. 2.  Examples of foot-switch signal during gait (10 s extracted from the original signals are displayed).  
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closed. During the P-phase the foot-switch under the heel is 
open, and at least one of the foot-switches under the forefoot 
is closed. During the S-phase all the foot-switches are open. 
Fig. 1 schematizes the four on/off combinations of the foot-
switches and the corresponding gait phases. 
B. Signal Pre-processing 
Once the foot-switch signal has been recorded, an anti-
causal anti-bounce filter is applied to it, to remove spurious 
spikes due to switch bounces.  
C. Examples of Foot-switch Signal 
Examples of foot-switch signals are shown in Fig. 2. These 
signals were recorded during a gait test, at self-selected speed, 
from: (a) a healthy subject, (b) a patient affected by 
Parkinson’s disease, (c) a child with hemiplegic cerebral palsy 
(affected side). The three cases show different patterns of foot-
floor contact. These examples demonstrate that a specific 
subject does not show a single characteristic cycle, but 
different cycle types.  
III. DESCRIPTION OF THE ALGORITHM 
The foot-switch signal is segmented into separate gait 
cycles and each cycle is classified as belonging to a class 
characterized by a specific sequence of gait phases. The 
algorithm begins by defining a preliminary segmentation. 
Then, it tries to merge cycles that are too short to be 
considered as a valid cycle. A schematization of the algorithm 
is given by Fig. 3. The algorithm is detailed in the following. 
A. Preliminary Segmentation 
 Let us define the foot-switch signal as the time-series X = 
[x1, x2, …, xn], where each time sample xi
1) Beginning of gait phases  
 assumes one of four 
separate voltage values, corresponding to F, H, P, S, in 
ascending order of amplitude. The preliminary segmentation 
of the foot-switch signal is obtained through the following 
steps: 
Determine the beginning of each gait phase as the transition 
between adjacent phases. Define the vector PhaseInSample = 
[y1,y2,…,ym], finding the positions in X for which xi – xi-1 
2) Phase duration 
is 
different from zero  
Calculate the duration of each gait phase (in samples): 
PhaseDur = [y2  – y1, …, yj – yj-1, …, ym – ym-1
3) String of phases 
].  
Obtain the string of characters defining the sequence of gait 
phases of length m-1, e.g. SequenceString = 
[SHFPSPSHFPSHFPSHFPS…].  
4) Initial-cycle candidates 
 
 
 
 
Fig. 3.  Schematization of the algorithm  
 
 
 
Fig. 4.  Preliminary segmentation: initial-cycle candidates are marked with a 
circle.  
 
 
 
 
Fig. 5.  Histogram of cycle duration for a pathological subject (Parkinson’s 
disease). The mode of the histogram is M = 1.25 s. The two thresholds α⋅M 
and β⋅M are indicated with a dashed line for α = 0.8 and β = 1.2.  
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Find, in SequenceString, the “initial-cycle candidates”, that 
is the indexes of the array elements in which a cycle is likely 
to start. These indexes are obtained by applying the following 
rule: a cycle begins at the first detection of foot contact. In the 
four-level coding this is represented by a transition from a 
specific level to a lower one (e.g. from S to H, from S to F, 
from S to P, etc.). If there are two consecutive transitions, only 
the first one is considered as a valid cycle start, i.e. all the one-
phase cycles are merged with the cycle that follows. To clarify 
this rule, Fig. 4 represents an example of initial-cycle 
candidate selection. Focusing on the first few levels shown in 
the figure we observe: 1) a transition from S to H and 2) a 
consecutive transition from H to F. Applying the above 
mentioned rule, the second transition is neglected: the first 
cycle candidate begins with an H-phase and extends for 4 
phases. The following transition can be found between S and 
P: the second cycle candidate begins with a P-phase and 
extends for 2 phases, etc.  In this example, the vector of the 
initial cycle candidates CycleInit = [I1, I2, …, Ik, Ik+1, …, IN
5) Gait cycle candidates 
] 
is equal to [2, 6, 8, 12, 16, …].  
Each gait cycle is defined as the substring of gait phases 
TABLE I 
VALIDATION DATASET 
N Subjects: health condition Algorithm classification a Manual classification a Percentage of correct classification 
  Gait cycle class # of cycles Gait cycle class # of cycles 
 
1 Healthy HFPS 118 HFPS 118 100 % 
  HS 1 HS 1  
  HFHS 1 HFHS 1  
  HFHFPS 1 HFHFPS 1  
2 Healthy HFPS 145 HFPS 145 100 % 
  PFPS 2 PFPS 2  
3 Healthy HFPS 152 HFPS 152 100 % 
  HFHFPS 3 HFHFPS 3  
4 Healthy HFPS 131 HFPS 131 100 % 
  HFHFPS 2 HFHFPS 2  
  FPS 1 FPS 1  
  PFPS 1 PFPS 1  
5 Healthy (elderly) HFPS 106 HFPS 106 100 % 
  PFPS 7 PFPS 7  
  PFHS 2 PFHS 2  
  FPS 1 FPS 1  
6 Hemiplegic child (Winters Group I) b HFPS 63 HFPS 63 100 % 
  PFPS 18 PFPS 18  
  HFHS 4 HFHS 4  
  PFHS 2 PFHS 2  
  PFPSPS 1 PFPSPS 1  
  HFHFHS 1 HFHFHS 1  
  FPS 1 FPS 1  
7 Hemiplegic child (Winters Group II) b PFPS 88 PFPS 88 98.0 % 
  PFPSPS 38 PFPSPS 38  
  PS 9 PS 9  
  PFPSPSPS 6 PFPSPSPS 6  
  PFPFPS 3 PFPFPS 4  
  PSPS 3 PSPS 3  
  FPS 3 FPS 2  
  PFP 2 PFP 1  
8 Parkinson’s disease HFPS 81 HFPS 81 98.7 % 
  HFPSPS 43 HFPSPS 43  
  PFPS 11 PFPS 10  
  FPS 9 FPS 10  
  PFP 7 PFP 7  
  HFP 3 HFP 3  
  FP 2 FP 2  
  HFPSPSPS 1 HFPSPSPS 1  
  HFPFHFPS 1 HFPFHFPS 1  
  FPSPS 1 FPSPS 1  
9 Vestibular schwannomas resection HFPS 70 HFPS 70 100 % 
  HFHFPS 17 HFHFPS 17  
  HFHS 1 HFHS 1  
  HFPSPS 1 HFPSPS 1  
10 Total hip arthroplasty HFPS 139 HFPS 139 100 % 
  PFPS 16 PFPS 16  
  PFPFPS 1 PFPFPS 1  
a A mismatch between the algorithm and the manual classification is highlighted in bold.  
b Winters Group I and II refer to the severity of children hemiplegia as classified by T.F. Winters et al. [17]. 
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whose indices range from Ik to (Ik+1
The number of cycles assigned to each class is counted, thus 
obtaining the absolute frequency (Freq) of each class. A 
“segmentation vector” of length m-1 is initialized to zero. 
Then, each element corresponding to the beginning of a cycle 
is set to a number different from zero: this number indicates 
the class of the cycle, that is 1 if the cycle belongs to 
Class{1}, 2 if it belongs to Class{2}, etc., e.g. Segments = [0 1 
0 0 0 2 0 1 0 0 0 1 0…].   
–1). Hence, referring to 
the same example, the candidate cycles are HFPS, PS, HFPS, 
HFPS, … . Each different substring is the prototype of a class: 
Class{1} = HFPS, Class{2} = PS, … . Each cycle is assigned 
to the corresponding class.  
B. Duration of Gait Cycles 
The average duration of the gait cycles is calculated (in 
samples), separately for each class: e.g. CycleDur{1}, 
CycleDur{2}, etc.  
C. Cycles with Only 2 Phases 
At this stage the algorithm searches, iteratively, a cycle with 
more than two phases (e.g. HFPS) followed by a cycle with 
only two phases (PS), and  merges them into the composite 
cycle (HFPSPS) by means of the following rule: if the 2-phase 
cycle is short and the composite cycle is not too long, then the 
composite cycle is considered as a valid cycle candidate. This 
implicates the definition of two thresholds. More specifically, 
we calculate the mode M of the duration of cycles with more 
than two phases. If the duration of a 2-phase cycle is less than 
a given percentage of the mode, α⋅M (with 0 < α < 1), and if 
the duration of the composite cycle is not greater than β⋅M (1< 
β < 2), than the composite cycle is a valid cycle candidate (see 
Fig. 5). More specifically, we consider a cycle to be valid if its 
duration is neither shorter nor longer for more than 20% of the 
mode M defined above, hence choosing α = 0.8 and β = 1.2. 
The vectors Segments, CycleDur and the absolute frequency 
Freq of the involved classes are updated accordingly. If 
needed, a new class is created. 
D. Leftover Cycles with Short Duration 
The algorithm searches for the leftover cycles with short 
duration, independently from the number of phases (i.e. not 
limiting to cycles with only two phases). Iteratively, the 
algorithm takes one of these cycles and merges it with the 
following cycle, provided that the duration of the composite 
cycle is not greater than β⋅M.  
IV. VALIDATION OF THE ALGORITHM 
The algorithm described here is based on a set of rules that 
represent the way in which an experienced “user” works to 
segment the signal. The validation process is aimed at 
demonstrating that the algorithm is as good as the human 
expert. We used one expert (M.K.) to define the rules and 
another one (V.A.) to validate the algorithm. We applied the 
described algorithm to a dataset of 10 foot-switch signals, 
collected from 5 healthy and 5 pathological subjects. For the 
latter, we searched retrospectively our clinical database to 
cover the more common gait alterations observed in different 
pathologies, e.g. foot drop in swing, producing cycles with 
forefoot (PS, PFPS,…) or flatfoot (FPS,…) initial contact, or 
cycles in which the forefoot, already detached from the floor, 
falls down and touches the floor again before reaching a 
sufficient foot clearance (HFPSPS). Both healthy and 
pathological subjects walked 2-3 minutes at self-selected 
speed. Therefore, a slightly different number of cycles was 
collected for each of them during the gait test. The average 
number of cycles collected and analyzed was 135±17 for 
healthy and 129±36 for pathological subjects. The algorithm 
was validated on a total of 1320 gait cycles (674 from healthy 
and 646 from pathological subjects): 1005 cycles showed a 
normal sequence of gait phases (HFPS), while 315 showed an 
atypical sequence (different from HFPS). A total of 19 cycle 
types were recognized: the HFPS class and other 18 atypical 
classes. 
A. Comparison with Manual Segmentation  
For each signal, we compared the gait cycle classification 
obtained from: a) the algorithm, b) the “manual” segmentation 
performed by the gait analysis expert (V.A.). The manual 
segmentation was performed through the following steps:  
1) Visualization of the (filtered) foot-switch signal from the 
acquisition system interface, setting the visualization options 
so that only a few cycles (5-10) at a time are displayed 
2) Insertion of a segmentation line with a mouse double 
click 
3) Visual recognition of each cycle class (e.g. HFPS, etc…). 
When a new cycle is classified, a cross is added on a sheet of 
paper near the correspondent class name.  
4) Counting of the crosses assigned to each cycle class. 
We calculated the mismatching cycles between the 
procedures (algorithm and manual segmentation), if present. 
The performance of the algorithm was defined as the number 
of gait cycles matching the manual segmentation, divided by 
the total number of gait cycles.   
B. Results and Performance of the Algorithm  
 Applying the algorithm to the sample dataset, we obtained 
the results reported in Table 1. More specifically, for each 
examined subject we indicated the subject’s health condition, 
the class and number of gait cycles obtained through the 
automatic segmentation, and the class and number of cycles 
TABLE II 
ATYPICAL CYCLES 
N Subjects: health condition Percentage of atypical cycles 
1 Healthy 2% 
2 Healthy 1% 
3 Healthy 2% 
4 Healthy 3% 
5 Healthy (elder) 9% 
6 Hemiplegic child (Winters Group I) 30% 
7 Hemiplegic child (Winters Group II) 100% 
8 Parkinson’s disease 48% 
9 Vestibular schwannomas resection 21% 
10 Total hip arthroplasty 11% 
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obtained through the manual segmentation. The last column 
reports the percentage of correct classifications. The algorithm 
recognized 100% of the cycles in healthy subjects, and over 
98% in pathological subjects.  
A one-factor sensitivity analysis was performed to  evaluate 
the robustness of the values chosen for α and β. Changing the 
(input) value of α in the range 0.75 – 0.85 we obtained exactly 
the same classification in 7 subjects. In the remaining 3 
subjects the classification was different only for less than 3 % 
of the gait cycles.  Similar results were obtained changing the 
parameter β in the range 1.15 – 1.25. 
C. Atypical Cycles  
The percentage of atypical cycles was calculated as the total 
number of cycles that do not match the standard HFPS-
sequence, divided by the total number of segmented cycles. 
This parameter is reported in Table 2, for each subject. The 
percentage of atypical cycles was 1-3% in the healthy adults 
and 9% in the elder subject. This percentage ranged from 11% 
to 100% in pathological subjects. 
V. DISCUSSION 
The described algorithm automatically segments a foot-
switch signal through a set of rules, with the purpose of 
mimicking the human expert The results showed that the 
cycles defined by the algorithm were interchangeable with 
those determined by the human assessor in 100 % of cases for 
normal gait, and at least 98 % of cases for pathological gait.   
This algorithm identifies the different types of gait cycles 
present in a walk. Since it is not based on pre-determined 
templates for the sequence of phases forming a gait cycle, it is 
potentially capable to handle any kind of atypical cycle, 
provided that foot-switches are used accurately. This 
characteristic makes this algorithm usable in the study of 
many pathologies that affect the gait function. Caution should 
be taken in the study of pathologies involving severe foot 
deformity, e.g. Charcot-Marie-Tooth, since the foot-switch 
signal may become unreliable. 
Spastic hemiplegic children usually show a drop foot in the 
swing phase (Winters group I), together with a tight heel cord 
in the stance phase (Winters group II) [17]. A study we carried 
out on 26 hemiplegic children allowed us to classify their foot-
floor contact patterns [10]. Globally, their percentage of 
atypical cycles ranged from 19% to 100% (average: 
73%±28%), in group I, and from 53% to 100% (average 
96±12%) in group II.   
The possibility to calculate the percentage of occurrence of 
atypical cycles may be relevant in clinical applications, 
particularly when it can evidence subtle changes in gait 
performances, not clinically detectable. In a previous study, 
considering atypical cycles, we were able to demonstrate the 
benefits obtained from a light-intensity physical activity 
program undergone by 27 patients affected by type 2 diabetes 
[10]. The cadence of these patients did not change after the 
program completion, but the percentage of atypical cycles 
decreased from 9.9% to 4.8%, for the left lower limb, and 
from 7.7% to 4.4%, for the right one, quantifying a small, but 
measurable, improvement in their gait performances. The 
sensitivity of this parameter in grasping subtle changes of gait 
instability was highlighted also in other recent studies we 
conducted on patients after total hip arthroplasty [18][19], and 
in normal pressure hydrocephalus [20], but the final results of 
these studies are not yet published. The proposed algorithm 
could also be applied to the assessment of fall risk in elderly 
people [4-5], since it provides an objective measure of the 
stride-to-stride variability in the foot-floor contact patterns. 
A reliable estimation of gait parameters is usually obtained 
by averaging the values from many gait cycles (recorded in 
the same test or in repeated tests), in order to reduce the intra-
subject variability. However, averaging cycles that belong to 
different classes may be misleading, since these cycles may 
have different biomechanical determinants. For this reason, in 
statistical gait analysis [9-10,13-14], averaging procedures 
aimed at reducing intra-subject variability are applied only to 
cycles belonging to the same class. Hence, the application of 
the proposed algorithm is a useful pre-processing step to 
perform a statistical analysis of gait, since it provides the 
required classification.  
The algorithm presented here was applied to foot-switch 
signals. A single foot-switch provides a signal of either foot 
contact or lack of contact (on/off). This binary characteristic 
directly produce a “sharp” timing of the gait phases, useful in 
gait event detection. Other techniques, e.g. those relying on 
foot plantar pressure measurements [21], are based on many 
tiny sensors that allow for a detailed monitoring of the foot-
floor pressure. However, they do not directly provide sharp 
indications on the sub-phases of stance. Pre-processing the 
insole pressure signal (see e.g. [22]) the proposed algorithm 
might be extended to insole pressure measurements. Future 
work may investigate this possibility.  
 
VI. CONCLUSIONS 
We proposed a general purpose algorithm for the 
classification of the gait cycles, usable in clinical gait analysis 
independently from the pathology considered, provided that a 
reliable foot-switch signal may be collected. We demonstrated 
the ability of this algorithm in recognizing the different types 
of gait cycles. The algorithm allows determining the atypical 
cycles present in a patient’s walk. 
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